We explore the existence of short and long term effects of retirement on health. Short term effects are estimated with a regression discontinuity design which is robust to weak instruments and where the underlying assumptions of continuity of potential outcomes are uncontroversial. To identify the long term effects we propose a parametric model which, under strong assumptions, can separate normal deterioration of health from the causal effects of retirement. We apply our framework to the British Household Panel Survey, and find that retirement has little effect on health. However, our estimates suggest that retirement opens the gate to a sedentary life with an impoverished social component and this is a channel through which retirement could indirectly affect health in the long run.
Introduction.
Over the last few decades OECD countries have witnessed a trend towards early retirement (Krueger and Pischke, 1992; Blundell et al., 2002; Wise, 2002, 2004; Banks and Smith, 2006) . This has resulted in a rise in the ratio of retirees per person of working age and, consequently, a reduction in savings and additional pressure on the welfare system (an effect exacerbated by a rise in the age at which people leave school; Banks and Smith, 2006) . In response, policy makers in developed countries are now debating or implementing changes to the eligibility criteria for retirement, in particular extending the age at which people are eligible for state pensions. However, it has been argued that retirement might affect health, in which case, the impact of retirement on utilisation of health services should be taken into account in the design of policies that delay retirement.
In this paper we estimate the causal effect of retirement on the health and health care utilisation of UK male residents. Unlike previous work, which has focused on health outcomes alone (Charles, 2004; Dhaval et al., 2008; Coe and Lindeboom, 2008; Neuman, 2008; Johnston and Lee, 2009; Sickles and Taubman, 1986; Cai, 2010) , we also explore whether retirement affects individuals' distribution of time among activities. Any such changes could affect health indirectly depending on the extent to which retirees spend their time in health promoting activities.
Estimation of the causal effect of retirement on health is complicated by the fact that health is a determinant of retirement itself (Bound, 1991; Stern, 1989; Disney et al., 2006) . In addition to this source of confounding, retirement happens at a relatively older age when health might have begun to deteriorate. Furthermore, if employees at increased risk of ill health terminate employment earlier, retirement can appear as an overly negative change in life -a source of bias known as the healthy worker survival effect (see seminal work by Robins, 1986) . Thus it is difficult to separate trends initiated after retirement from those intrinsic to normal deterioration of health (Stern, 1989; Bound, 1991; Bound and Waidmann, 2007; Bound et al., 2010; Sickles and Taubman, 1986; Cai, 2010) . Early work in Occupational Epidemiology tried to address confounding by focusing on the effect of involuntary retirement (due to, for example, factory closures; see, Gallo et al., 1999; Gallo et al., 2001 among others) . However, the institutional setting of retirement in the UK facilitates identification for a whole population. During the period under consideration (1991) (1992) (1993) (1994) (1995) (1996) (1997) (1998) (1999) (2000) (2001) (2002) (2003) (2004) (2005) , there were not mandatory retirement laws, but men reaching the age of 65 could access their state pension which, in 2013, amounted to £110 per week (approximately a quarter of the weekly UK minimum wage). Because of this incentive, the proportion of retired individuals by age group in any given year exhibited a unique jump of about 20 percentage points at age 65 (the State Pension Age, SPA). If this discontinuity was accompanied by similar significant variation in health outcomes then, under certain assumptions, we can attribute variations in health to retirement. Therefore we estimate, under different sets of assumptions, if there are significant variations in average health status around age 65.
Our analysis begins with an implementation of a Regression Discontinuity Design (Thistlethwaite and Campbell, 1960; Hahn, Todd, and van der Klaauw, 2001; Porter, 2003) . The Regression Discontinuity Design (RDD) provides estimates of changes in health upon retirement using data from the years around the SPA. These estimates have a causal interpretation under minimal assumptions but, because of the focus on what happens to health just around the SPA, they can only be interpreted as short-term effects of retirement. Short-term effects are important because the environmental changes that follow retirement are dramatic and often irreversible, therefore they are indicative of future changes in health (for instance, through retirement one loses daily interaction with colleagues at work, which could affect the amount of time spent socialising, and this to one's sense of belonging). However, retirement might induce only smooth changes on health. In this case, one would expect to observe shifts in trends around retirement, rather than discontinuities, and a RDD would be ineffective. To estimate these longerterm effects, we extend recent work by Bound and Waidmann (2007) and estimate a panel data model which directly assesses whether reaching the SPA leads to any changes in the slope or level of health outcomes. This second approach makes use of the whole sample available to us -rather than that coming from a neighbourhood around the SPA.
As a result, it provides more efficient estimates than the RDD, but a causal interpretation of these estimates requires considerably stronger assumptions.
Our estimation strategy introduces several methodological innovations. In particular, unlike previous work our RDD takes advantage of the longitudinal structure of the data (in order to reduce the strength of the assumptions required for identification) and incorporates recent results by Dong (2013) in order to increase the robustness of our results to the problem of weak instrumental variables -which, in our RDD, translates in a small discontinuity in the distribution of retirements conditional on age. Furthermore, we propose a cluster-robust version of the wild bootstrap schemes in Davidson and MacKinnon (2010) to correct the size of inferential procedures and address several challenges presented by the nature of the data (and, in particular, the discrete running variable problem in RDD -discussed in Card, 2008 and Dong, 2014) .
The methods for identification, estimation and inference are summarized in Section 3, after introducing the data and the institutional context of retirement in the UK in Section 2 (with much of the technical details deferred to an Appendix). Section 4 of the paper contains the empirical analysis. Overall we find that retirement has little effect on health. However, our estimates suggest that retirement opens the gate to a sedentary life with an impoverished social component and this is a channel through which retirement could indirectly affect health in the long run. We conclude in Section 5 with some remarks on the implications of our results. 4 2 Data and Institutional Context.
Data.
Our sample consists of 11,331 male individuals in the first 15 waves (1991) (1992) (1993) (1994) (1995) (1996) (1997) (1998) (1999) (2000) (2001) (2002) (2003) (2004) (2005) of the BHPS -a total of 62,404 observations. In our analysis, an individual in categorised as being retired if that was his self-reported job market status and he reported not to have undertaken any paid work during the two weeks prior to the interview. Our sample excluded all those individuals who re-enter the job market after retiring or who moved to/from unemployment from/to retirement. With these criteria we could identify 394 retirements.
We study the effects of retirement on a wide range of health indicators. In the BHPS, mental health is approximated with Goldberg's General Health Questionnaire, GHQ-12, (Goldberg, 1978) , a twelve domain instrument that measures the inability to carry out normal functions and the appearance of new and distressing psychological phenomena. Respondents score each domain from 1 to 4, with 1 representing the best possible outcome. In addition to the GHQ, interviewees report whether they have any of 12 common health problems and whether, in the previous twelve months, they underwent any of the medical tests in a list.
BHPS has just one variable measuring time use outside work (self-reported weekly hours spent in housework). To get a richer view of the effects of retirement on time use we use an ancillary dataset, the British Household Panel Survey Calibrated Time Use Data, (BHPS-CTU; Kan and Gershuny, 2006) . The BHPS-CTU is constructed with time use diary data from the Home On-line (HoL) study, a national representative longitudinal survey containing above 16,000 diary days from 1,000 households which were followed between 1999 and 2001. Exploiting the high correlations between the data in the BHPS and HoL (between 0.74 and 0.94) Kan and Gershuny (2006) use diary data from HoL to generate calibrated estimates of time use for each individual in the BHPS (calibration ensures that the total number of minutes adds to 1,440).
The BHPS-CTU contributes seven variables to our analysis: three primary variables (routine housework, including cooking, cleaning, ironing and washing; sleep, personal care and rest; consumption and leisure) and four derived variables: consumption and leisure time is divided into social leisure (spent with other people), passive leisure (spent alone), leisure at home and leisure outside home. Further information regarding the construction of these variables is given in Kan and Gershuny (2006) .
Institutional Context.
The choice of sample and our identification strategy is motivated by the institutional context of retirement in the UK In the UK, an individual's income after retirement is determined by the history of contributions to state and private pension schemes.
Although occupational and personal pension funds are common among workers, the state pension still plays a crucial role in the system (Pensions Policy Institute, 2013 ). requires enough qualifying years (currently 30) and, importantly for our identification strategy, reaching a pension age (the state pension age, SPA) which, for the period under consideration (1991) (1992) (1993) (1994) (1995) (1996) (1997) (1998) (1999) (2000) (2001) (2002) (2003) (2004) (2005) , was 65 years for men.
The eligibility criteria present a strong incentive to stay in work until the SPA and, as a result, the proportion of retired individuals by age group in any give year exhibits a unique jump of around 20 percentage points at age 65. This gap can be seen in Figure   6 1, which describes the distribution of retirement age among men in the BHPS. Because during the period under consideration, there were not mandatory retirement laws in the UK which could explain this discontinuity (see Appendix A) the SPA arises as a predictor of retirement decisions, (although its predictive power is limited by the fact that, as revealed by Figure 1 , by age 65 around 60% of individuals have already retired).
Given SPA's ability to predict retirement decisions and the fact that it is exogenously determined by Government, one can argue that a dummy variable indicating if a person has reached the SPA is a valid instrumental variable to identify the causal effects of retirement. To fully qualify as an instrument, this indicator variable must be uncorrelated with health. Yet, although SPA is exogenously determined by government, this indicator variable does not qualify as a valid instrument as such. Firstly, one may worry that governments' choice of 65-70 as an appropriate state pension age is motivated by people's health starting to deteriorate more visibly around that age. This does not seem likely. This age range has been the norm since the introduction of Otto von Bismark's state pension in the XIX century -and the motivations behind that age range are unclear, especially if one considers that life expectancy in XIX century Germany was just above 40 years of age (Roser, 2015) . More importantly, however, the SPA splits the population into a young and old groups, both of which exhibit dramatically different health and time use profiles. This induces a correlation between the instrument and health and it is because of this reason that further restrictions are required to ensure identification, as we discuss next.
Identifying the Effect of Retirement.
Let Y is denote individual i's observed level of a specific health indicator at time s, for i = 1, . . . , N , s = 1, . . . , S. In our empirical application, Y is will represent a time use indicator or summary indices of health (whose construction is detailed in Appendix C).
Let (Y 1,is , Y 0,is ) ∈ R 2 be an individual's potential outcomes (Rubin, 1974) such that Y t,is , t ∈ {0, 1} denotes the level of health that individual i would exhibit at time s were he retired (t = 1) or employed (t = 0). The observed employment status, T is depends, among other factors, on having reached the SPA -which will be indicated by the binary variable D is , a function of age in years, X is , so that D is = 1 if X is ≥ x o , and 0 otherwise, where the policy threshold is
denotes the employment status that individual i would choose at time s were he eligible (d = 1) or not (d = 0) for the state pension. We estimate short and long term effects via methods akin to Instrumental Variable (IV) estimation of longitudinal regression models.
The key instrument is an indicator of eligibility for SPA. However, because crossing the SPA predicts less than 20% of retirement decisions, the parameter we are estimating is the local treatment effect on compliers (Angrist, Imbens, and Rubin, 1996) , that is, the effect of retirement on those individuals whose retirement status changes because eligibility for SPA changes -and thus T 1,is − T 0,is = 1).
Short Term Effects.
It is possible to identify the short term effects of retirement on health with minimal assumptions by focusing the analysis on the years around the SPA. As revealed by Figure 1 , the SPA can explain many retirement decisions in this short space of time, unlike health which, in the absence of any other significant event, should vary little, beyond common trends in the deterioration of health. As a result, once these trends are taken into consideration, any changes in average health can be attributed to those individuals whose retirement status changed because they reached the SPA. Yet it is unclear a priori whether the 20% discontinuity in the distribution of retirees is sufficient to guarantee a strong predictor of retirement (that is, a strong instrumental variable). If not, estimates of the causal effect will be biased and inference will be unreliable (Bound et al., 1995; Staiger and Stock, 1997; Kleibergen, 2002; Davidson and MacKinnon, 2010; Feir et al., 2014) . The relationship between age and retirement in the UK presents a way of preventing a potential weak instrument problem.
As seen in Figure 1 , by age 65 around 60% of men have retired. By age 66, 80% of the individuals in the sample are retired and, beyond that point, the proportion of retirees increases very slowly. As a result there is a dramatic change in the slope (a kink) at the SPA. A fixed effects regression of the retirement indicator on a fourth order polynomial on age, an indicator of SPA-eligibility, its interaction with age and a collection of time dummies yields an estimated coefficient of the interaction term of -.0384 (p = 0.000) -and is largely insensitive to the specification and interval around the SPA considered. As noted in a recent paper by Dong (2013) (see also Card et al., 2012 , Calonico et al., 2014 , kinks and jumps in the propensity score can be combined a Regression Discontinuity fashion to identify variations in the conditional mean. This expands the set of instrumental variables and prevents biases if the discontinuity in the proportion of retirees is not sufficiently dramatic. Dong (2013) shows that, if there exists a kink or jump at x o in the propensity score, and potential outcomes and their derivatives are continuous, then
, G , P are first order partial derivatives and {w n } satisfies lim n→∞ w n = 0. When w n = 0 we have the RDD parameter in Hahn et al. (2001) ; otherwise τ is defined by the contribution of kinks and jumps in the mean outcome and propensity score. Nonparametric regressions (Stone, 1977) can be used to estimate each of the above limits. However, if one uses uniform kernels and the same bandwidth throughout, Hahn et al. (2001) and Dong (2013) show that,
, estimation of τ amounts to two stage least squares of
When panel data are available, the RDD literature has pooled the data and averaged the endogenous variables within each wave and across the panel conditional on the running variable (this is referred to as the average cluster approach; Lemieux and Milligan, 2008; Battistin et al., 2009 ). However,it is possible to exploit the longitudinal structure of the data by estimating the following model instead,
where θ i , λ s , η i and ζ s are individual and period specific coefficients. Estimation can be done by transforming the above model into first differences,(Y is − Y i,s−1 ), and applying two stage least squares (Greene, 2004; Wooldridge, 2010) . To select a bandwidth, h n = h(n), we follow a Cross-Validation approach similar to that described in Imbens and Lemieux (2008) and Imbens and Kalyanaraman (2012) (see also Calonico et al., 2014; Hart, 1997; Pagan and Ullah, 1999; Li and Racine, 2006) .
Unlike in standard RDD, here we have the additional complication of having to choose a polynomial order for (3.4) and (3.5) as well as the bandwidth around the SPA. Let the residuals from the parametric model in (3.4) be denoted by e, and let e (i) denote the i th deleted residual, obtained from estimating (3.4) by IV leaving the i th observation out.
Then, our Cross-Validation algorithm selects the parameters (h, p) which minimised the leave-one-out predicted residual sum of squares,
over the combination of (h, p). In our empirical application, we consider p = 1, . . . , 5
and h = 1, . . . 10.
As in Feir et al. (2014) we base inference about τ on the ratio ofτ to its standard deviation. To compute p-values we implement the restricted-efficient wild bootstrap algorithm in Davidson and MacKinnon (2010) duly adapted to handle correlations at cluster (age) level. The motivation and algorithm underlying this technique are detailed in the Appendix B. Here we just note that this particular method is robust to heteroskedasticity of unknown form and provides accurate inference even in the presence of weak instruments. More importantly for our work, it handles the discrete-runningvariable problem arising from the fact that our assignment variable (age) is a discrete random variable -while standard RDD require continuous assignment variables (see Card, 2008 and Dong, 2014) .
Retirement in the Long Run.
RDD provides estimates akin to short run causal effects. In our analysis short term effects are important because retirement involves dramatic and permanent environmental changes and, as a result, its short-term consequences are likely to project into the future.
However the scope of these effects can be limited. Firstly, short term effects might turn out to be only transitory. Secondly, retirement might affect health only in the long run, in which case one would expect to observe changes in the trends of health around retirement, but not discontinuities. Thus, we complete our analysis estimating the longer term effects of retirement on health.
We follow Bound and Waidmann (2007) , and investigate if there are changes in the slope or level of health outcomes at the SPA. Because we are estimating long term effects,
we cannot now restrict the analysis to a short interval around the SPA, but this forces us to be explicit about the structure of the correlation between age and health in order to ensure that SPA is a valid exogenous predictor of retirement.
To be more precise, we estimate the following panel data extension of the linear model in Bound and Waidmann (2007) ,
where x includes a fifth order polynomial in age and the interaction of D is with age.
In (3.7) the coefficient τ can be interpreted as the local causal effect of retirement because the SPA is exogenous determined by government and x is designed to absorb any correlations between health and age (so that any residual effect of SPA on health must be due to retirement alone). Note, however, that (3.7) is a considerably stronger assumption than those required for identification in our RDD: in RDD we only need to assume that model (3.4) holds only in a neighbourhood of SPA. In particular, (3.4)
could be interpreted as a Taylor approximation of the true conditional mean of health outcomes around SPA. On the contrary, (3.7) is a model for the whole sample and assumes, among other things, that treatment enters the model additively, which cannot be tested using the current data alone.
Unlike in Bound and Waidmann (2007) , we exploit the longitudinal structure of our data and estimate (3.7) after transforming the model in first differences -and adding a set of time dummies to the first differenced equation. We assess the existence of changes in trends with an F-test for the joint significance of D is and the interaction term and compute p-values via the same cluster-robust wild bootstrap procedure used in the RDD (specialised to the case of no reduced-form equation; see Appendix B.1).
Empirical Analysis.
We began our empirical investigation of the causal effects of retirement by undertaking a descriptive analysis of the health and time use outcomes. The full descriptive analysis can be found in the Appendix E, while here we just provide key highlights. As can be inferred from Table 1 , retirees exhibited worse patterns of health than non-retirees, but the descriptive analysis suggests that much of this variation is driven by age. However, as discussed in Appendix E (and as can be appreciated in Figure 2 ) the descriptive analysis does not suggest the existence of jumps or kinks in health outcomes around the SPA. Table 1 and Figure 3 further reveal that the additional leisure time available after retirement is primarily invested in passive leisure (which increases by 41%, as opposed to an increase in social leisure of just 1.32%) and leisure at home (which increases by 39%, as opposed to leisure outside home, which decreases by around 1%). Together with an increase of 12% in the amount of time spent sleeping and in personal care, this suggests that the type of leisure that might be associated with a sedentary lifestyle becomes more prevalent with age. Unlike with health outcomes, Figure 3 
Estimates of the Local Causal Effects of Retirement on Health.
We applied the methods in section 3.1 to estimate the short-run causal effects of retirement on health. For our procedures we set the number of Monte Carlo replications to 999, the significance levels at 5% and bandwidth was selected using the Cross-Validation algorithm described in section 3.1. In all cases the polynomial selected by the method was of order 1 (Local Linear Regression) or, more rarely, 2. The suitability of the discontinuity design was evaluated by discarding discontinuities in pre-determined variables that might have confounded estimation (see Appendix F). The results are collected in the Table 2 . They confirm that, as the descriptive analysis had anticipated, in the BHPS retirement does not have an impact on self-reported mental health (p-value, p = 0.11), physical health (p = 0.966) or health checks (p = 0.491).
The methods in 3.2 were subsequently applied to our sample, and the results from the long term analysis are collected in Table 3 . We did not find any significant effect of pension eligibility on health (in particular the null hypothesis of no changes in trend around the pension age was accepted for all three health indicators).
Estimates of the Local Causal Effects of Retirement on time use.
We explored the effect of retirement on the measures of utilisation of time. The estimates of the short term effect of retirement on time use, collected in Table 4 , suggest a statistically significant increase in the amount of time retirees devote to leisure activities. Time spent sleeping and in personal care increases around 82 minutes a day, which constitutes a 17% rise with respect to the mean amount of time spent in these activities by the group of 50 to 80 year old employees. Consumption and leisure also receive more attention, increasing by about 140 minutes a day. When we consider the distribution of leisure among activities, the prevalent results are that (1) people invest their time mostly in passive leisure (which increases by about 95 minutes after retirement) as opposed to social leisure (up by around 50 minutes) and (2) people invest more of their spare time in leisure at home (which increases about 100 minutes after retirement) than leisure outside home (which increases by about 46 minutes). Finally, and interestingly, our results seem to suggest that retirement does not induce a significant change in the amount of time devoted to housework.
Aside from their immediate interest, these results also outline the fact that our design is capable of detecting significant departures from the null hypothesis of no-causal effect, thus ruling out the possibility that the lack of significant results in the analysis of health outcomes might be driven by lack of power.
Robustness check.
We evaluated the sensitivity of our result by varying certain aspects of the estimation process. For the long run analysis, we considered several specifications using various combinations of polynomials in age indicator variables, without obtaining any variation in conclusions.
For the short run analysis, we firstly, recalculated the short-term treatment effects for the intervals [−4, 3] and [−2, 1], but the results did not change substantially. In addition to this, we evaluate the robustness of our estimates by implementing the Randomization Inference framework for RDD in Cattaneo et al. (2014) . As detailed in the Appendix D, this method enables researchers to conduct exact inference with very few assumptions (which are a variation of the Exclusion-Independence-SUTVA trinity in Angrist et al., 1996) . Furthermore, identification under this scheme is feasible irrespective of having a continuous or discrete running variable. The results from this analysis are collected in Table 5 , and confirm that there are not effects of retirement on health outcomes, housework remains largely unaffected and retirees invest more time in passive leisure and leisure at home than active leisure and leisure outside home. There are only unre-markable discrepancies between this second set of estimates and those provided by the asymptotic method in Section 3.
Conclusion
The goal of this research was to explore the implications of retirement for health in the short and long run. Using a novel set of techniques, we did not find evidence that retirement has a direct effect on health in the short or long run (in agreement with Coe and Lindeboom, 2008 , Neuman, 2008 and Bound and Waidmann, 2007 ). However we found that, upon retirement, individuals dramatically increase the amount of leisure time spent at home and in activities with a low social component. Unlike in Aguiar and Hurst (2005), we did not find that retirement affects how much housework people do. Together with an increase in the amount of time spent sleeping, our results suggests that retirement can lead to a sedentary, socially isolated life style, and this is a channel through which retirement could have long run effects for health (Cornwell and Waite, 2009; Cohen et al., 1997; Barness et al., 2004; House et al., 1988) .
Our estimates rely on a novel Regression Discontinuity Design (which estimates short run effects under minimal assumptions) and a standard panel data model (which estimates long run effects under more rigid assumptions). As in common with all previous work (e.g. Charles, 2004; Dhaval et al., 2008; Coe and Lindeboom, 2008; Neuman, 2008; Mazzonna and Peracchi, 2012) our methods are, in essence, Instrumental Variable methods and thus provide estimates of the local average treatment effect of retirement, that is the effect on those individuals who move into retirement because their eligibility for a state pension changes. Unlike most of the literature, which has based inference on potentially misleading asymptotic normal approximations (Efron, 1979; Hall, 1992; Orme, 1990; Bertrand et al., 2004; Cameron et al., 2008; Davidson and MacKinnon, 2010 , etc) -here we computed size-corrected p-values constructing an extension of the wild-bootstrap algorithm in Davidson and MacKinnon (2010) which takes into account correlations at cluster level (Moulton, 1990) as well as the correlations between the structural and reduced form equations in Instrumental Variable methods.
The immediate implication of our results is that recent moves to extend SPA are unlikely to have direct implications for the demand of health services. On the contrary, extending the SPA might turn out to be a mechanism enabling higher levels of health promoting leisure (both social and physical) in the older age. Note, however, that our results are uninformative about the consequences for health of additional active/passive leisure, or the implications of an older workforce for the productivity of an economy.
Our results also imply that studies exploring retirement decisions where health appears as a covariate in a regression model are unlikely to be contaminated by endogeneity or reverse causality in health (although other sources of confounding cannot be ruled out -see Bound, 1991) .
That retirement has little effect on the health of an overall population does not preclude that certain individuals may experience variations in health upon retirement.
Occupation and the level of job satisfaction might be important, albeit ambiguous, predictors of the significance of retirement for health. Individuals unsatisfied with their jobs or in hazardous occupations might experience an improvement in some dimensions of their health when they retire. Yet these same individuals might have accumulated long term health problems which retirement alone could not fix. Alternatively, they might feel the loss of certain dimensions of working life (such as its social dimension). We explored the effects of occupation, job satisfaction and education levels on our results, but found no variation. However, we could not confirm if those results were driven by the lack of effect of retirement or by the loss of statistical power generated by splitting the data into thinner categories -we leave this for future research.
One limitation of this study is that we do not explore the role that private health insurance might have on retirement decisions. This is an important aspect in countries such as the USA where private insurance is pervasive and its availability can affect the profile of retirees as pension age approaches. In countries such as the UK, however, the existence of universal coverage is likely to mitigate the impact of insurance (indeed, in the BHPS just under 10% of individuals reported having any occupational health insurance in any one wave). Nonetheless, this remains a question of interest that we cannot address here. From a methodological perspective, our approach has emphasised the use of summary indices in situations as in ours where a large number of outcomes were available for study. An alternative approach had been to deal with outcomes directly and to undertake a joint test of hypothesis. Moreover, in common with most empirical work, we only consider average treatment effects. However, the overall distribution of health is of interest for the policy maker because the average health status might remain constant while radical changes might be occurring in the distribution. The implications of these issues are, however, beyond the scope of this paper. where σ x is the standard error of the explanatory variable and n = 41. figure (a) he ordinate ranges from 1 (optimal health) to 4 (poor health). In figure (b) , the ordinate measures the proportion of individuals in the sample with an specific problem (heart condition/blood pressure, alcohol abuse, diabetes or anxiety ). The ordinate in figure (c) measures the proportion of individuals who had a check of the specified type in the previous 12 months. figure (a) the ordinate is measures in hours a week, while in the remaining graphs, the ordinate refers to minutes per day.
